
Image Processing

Computational Photography

CSE 273

Lecture 4



Announcements

• Assignment 2 is due Jan 24, 11:59 PM

• Assignment 3 will be released Jan 24

– Due Jan 31, 11:59 PM
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Image sensing pipeline
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Image 
processing



Image processing

• A discipline in which both the input and 
output of a process are images

– There are usually other input parameters to the 
process
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Demosaicing
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Image 
sensor

Color filter 
array (CFA)

Bayer pattern

CFA (single 
channel image)

RGB (interpolated 
values in lower case)



Image processing

• Color spaces

• Gamut mapping

• White balancing and color balancing
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Image processing

• Dehazing

• Denoising

• Deconvolution
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Inverse
filtering

Wiener
filtering

Degraded 
image

Motion blur 
and 

additive noise

Constrained 
least 

squares 
filtering

Less noise

Much less noise



2D correlation and convolution
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When kernel is symmetric, convolution 
and correlation give the same result



2D spatial filtering

CSE 273, Winter 2024 9

2D correlation

2D convolution

m x n kernel is (2a + 1) x (2b + 1), 
where a and b are positive integers, 
so m and n are odd positive integers

For convolution, kernel 
is rotated 180 degrees



2D spatial filtering, shape
• Full

– w(x,y) and f(x,y) have at least 1 pixel 
overlap

– P = A + 2(C – 1)

– Q = B + 2(D – 1)

– Output g(x,y)

• Width is B + D – 1, height is A + C – 1

• Same

– P = A + C – 1

– Q = B + D – 1

– Output g(x,y)

• Width is B, height is A

• Valid

– w(x,y) must be completely inside f(x,y)

– P = A

– Q = B

– Output g(x,y)

• Width is B – D + 1, height is A – C + 1
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Padded f(x,y)

f(x,y) A P

B

Q

w(x,y) C

D



2D spatial filtering, valid shape
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Input image Output image



2D spatial filtering, valid shape

CSE 273, Winter 2024 12

Input image Output image



2D spatial filtering, valid shape
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Input image Output image



2D spatial filtering, valid shape
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Input image Output image



2D spatial filtering, valid shape
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Input image Output image



2D spatial filtering, valid shape
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Input image Output image



2D spatial filtering, valid shape
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Input image Output image



2D spatial filtering, valid shape
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Input image Output image



2D spatial filtering, valid shape
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Input image Output image



2D spatial filtering, valid shape
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Input image Output image



2D spatial filtering, valid shape
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Input image Output image



2D correlation and convolution
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For convolution, kernel 
is rotated 180 degrees

Unit impulse



Correlation and convolution

• Convolution is commutative and associative, 
correlation is not
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This is equivalent to applying one filter



2D spatial filtering

• Example: low pass (i.e., smoothing) filtering 
kernels
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Smoothing kernels
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Average
(box kernel)

Weighted average
(Gaussian kernel)

Common that sum of filter coefficients is 1, which prevents (full) bias
Bias: sum of input pixel values not equal to sum of output pixel values



Smoothing with box kernel
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3x3

11x11 21x21

Input
image



Smoothing with Gaussian kernel
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Standard deviation σ Percent of total volume under surface

1 39.35

2 86.47

3 98.89

Volume under surface greater than 3σ is negligible



Smoothing with Gaussian kernel
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σ = 7
43x43

σ = 7
85x85

Difference



Smoothing with Gaussian kernel
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σ = 3.5
21x21

Input image σ = 7
43x43



Smoothing with box kernel

CSE 273, Winter 2024 30

Box kernelInput image



Smoothing with Gaussian kernel
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Gaussian kernelInput image



Smoothing
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Box kernel Gaussian kernel



Border padding
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Constant padding

Zero padding
when v = 0

Mirror padding



Border padding
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Mirror
padding

Replicate
padding

Zero
padding



Bilateral filter

• An edge-preserving low pass filter

– Bilaterial weight function
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Range kernelDomain kernel



Bilateral filter
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Dehazing

• “Single Image Haze 
Removal Using Dark 
Channel Prior”, 
Kaiming He, Jian 
Sun, and Xiaoou
Tang

– Best paper, CVPR 
2009

CSE 273, Winter 2024 37



Dehazing

• “Single Image Dehazing via Multi-Scale Convolutional 
Neural Networks”, Wenqi Ren, Si Liu, Hua Zhang, 
Jinshan Pan, Xiaochun Cao, and Ming-Hsuan Yang
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ECCV 2016



Filtering in the frequency domain
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Image in 
spatial domain

f(x,y)

Image in 
spatial domain

g(x,y)

Fourier
transform

Image in 
frequency domain

F(u,v)

Inverse 
Fourier

transform

Image in 
frequency domain

G(u,v)

Frequency domain 
processing

Jean-Baptiste Joseph Fourier
1768-1830



2D discrete Fourier transform (DFT)

• (Forward) Fourier transform

• Inverse Fourier transform
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Units of cycles/sample

Each of these are 
an infinite, 

periodic sequence 
of copies



2D periodic functions

• Example periodic function
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Infinite periodic 
sequences of copies

Period Z

Pe
ri

o
d

 T



2D periodic functions

• Example periodic function
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Infinite periodic 
sequences of copies

Period Z

Pe
ri

o
d

 T



2D discrete Fourier transform (DFT)

• Fourier transform pairs
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2D discrete Fourier transform (DFT)

• Zero-frequency term (DC term)
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Centering the DFT
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This is an infinite, 
periodic sequence 

of copies



Centering the DFT
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Original DFT magnitude
(look at corners)

Shifted 
DFT magnitude

Log of shifted 
DFT magnitude
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Origin at center

Origin at top left
Each of these are an 

infinite, periodic 
sequence of copies



2D convolution

• 2D discrete convolution

• 2D convolution theorem
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Key to filtering in the 
frequency domain



Circular convolution

• Because the DFT is an infinite, periodic 
sequence of copies, the convolution is circular
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Key to filtering in the 
frequency domain



Filtering using convolution theorem

• To avoid wraparound error, both functions 
must be zero padded

• 2D
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A

P

B

Q

P

Q

C

D



Filtering using convolution theorem
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Filtering in 
frequency
domain 

using 
product

with
zero-padding

no wraparound
error

Gaussian lowpass filter 
in frequency domain
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Fourier 
transform, 

then center

Product in 
frequency 

domain

Inverse center, then 
inverse Fourier transform

Zero paddingInput image

Remove
zero padding

Output image
Use real component only.  
Mathematically, imaginary component 
will be 0, but due to floating point 
errors, it may be slightly nonzero.



Filtering using convolution theorem
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Filtering in 
spatial

domain 
using

convolution

Filtering in 
frequency
domain 

using
product

Identical results
51

Zero pad, then DFT



Filtering in the frequency domain

• Gaussian lowpass filter (LPF)

– Filter can be constructed in frequency domain 
directly
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Gaussian LPF

Filtering in the frequency domain
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Image restoration

1. Remove noise

2. Estimate original image

– Deconvolution
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Model of image degradation, 
then restoration
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Estimate of 
original imageOriginal image



Model of image degradation

• Spatial domain

• Frequency domain
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Noise
image

Original
image

Degraded
image

Degradation
function

Noise
image

Original
image

Degraded
image

Degradation
function



Estimating the degradation function

• Methods

– Observation

– Experimentation

– Mathematical modeling
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Estimating the degradation function

• Observation
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Estimating the degradation function

• Experimentation
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DFT of acquired, degraded image



Estimation of degradation function 
by experimentation

CSE 273, Winter 2024 60

Imaged (degraded) impulseImpulse of light



Estimating the degradation function

• Mathematical modeling
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Estimation of degradation function 
by mathematical modeling

CSE 273, Winter 2024

Atmospheric 
turbulence 

model
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Low turbulence

Severe turbulence

Mild turbulence



Estimation of degradation function 
by mathematical modeling
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Motion blur model
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Image restoration

• Inverse filtering

– Mitigate divide by zero

• Apply window function to g(x,y)

• Ideal lowpass filter H(u,v)

• Threshold H(u,v)
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Image restoration, 
inverse filtering
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Image restoration, 
inverse filtering
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Hann(ing) 
window 

applied to 
g(x,y)



Image restoration, 
inverse filtering
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Full (i.e., no 
lowpass 

filter)

Lowpass 
filter 

limited to 
radius of 40

Lowpass 
filter 

limited to 
radius of 70

Lowpass 
filter 

limited to 
radius of 85



Image restoration, 
Wiener filtering
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Inverse filtering Wiener filtering

Full Lowpass filter 
radially limited

Minimum mean 
square error filter



Image restoration, 
constrained least squares filtering
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Inverse
filtering

Wiener
filtering

Degraded 
image

69

Motion blur 
and 

additive noise

Constrained least 
squares filtering

Less noise

Much less noise



Next lecture

• Set of standard dynamic range (SDR) images 
to a high dynamic range (HDR) image
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